Cross project defect prediction, involves predicting software defects in the new software project based on the historical data of another project. Many researchers have successfully developed defect prediction models using conventional machine learning techniques and statistical techniques for within project defect prediction. Furthermore, some researchers also proposed defect prediction models for cross project defect prediction. However, it is observed that the performance of these defect prediction models degrade on different datasets. The completeness of these models are very poor. We have investigated the use of extreme learning machine (ELM) for cross project defect prediction. Further, this paper investigates the use of ELM in non linear heterogeneous ensemble for defect prediction. So, we have presented an efficient nonlinear heterogeneous extreme learning machine ensemble (NH ELM) model for cross project defect prediction to alleviate these mentioned issues. To validate this ensemble model, we have leveraged twelve PROMISE and five eclipse datasets for experimentation. From experimental results and analysis, it is observed that the presented nonlinear heterogeneous ensemble model provides better prediction accuracy as compared to other single defect prediction models. The evidences from completeness analysis also proved that the ensemble model shows improved completeness as compared to other single prediction models for both PROMISE and eclipse datasets.
INTRODUCTION
A software defect is a bug in the defective code region of the software project. Early prediction of software defects helps to the software practitioners to reduce the cost and save time during the development of the software project (Menzies et al., 2007; Ostrand et al., 2005) . Many researchers have successfully documented the success of software defect prediction models for within project defect prediction using different types of statistical techniques, conventional machine learning techniques, and ensemble techniques in recent years (Menzies et al., 2007; Rathore and Kumar, 2017a; Rathore and Kumar, 2017b; Rathore and Kumar, 2017c; DAmbros et al., 2012; Lee et al., 2011) .
In within project defect prediction system, a software fault prediction model is trained and tested on the different parts of a dataset collected from same project. Cross project defect prediction, aims to predict software defects in the defective code region of a different unlabeled software project dataset (Hosseini et al., 2017; He et al., 2012) . Training is done on a labeled dataset of a project and testing/prediction is done on the dataset of a different project. However, this category of software defect prediction for projects with limited number of samples shows limited accuracy due to difficulty in training software defect prediction models (Zhang et al., 2016) . Most of the researchers have successfully developed the software defect prediction models as single predictor using different machine learning and statistical techniques. These techniques include linear regression, neural networks, generalized regression neural network, decision tree regression, logistic regression, radial basis function neural network and zero inflated Poisson regression etc.. Some recent works which have shown use of these techniques for software fault prediction are (Rathore and Kumar, 2017a; Yang et al., 2015; Khoshgoftaar and Gao, 2007; Kanmani et al., 2007; Lursinsap, 2002) . Recently, some researchers have developed different types of ensemble methods such as, homogeneous ensemble, heterogeneous ensemble, linear, and nonlinear ensemble techniques, to build software fault prediction models for providing better prediction accuracy (Rathore and Kumar, 2017b; Rathore and Kumar, 2017c; Li et al., 2016) . However, these ensemble models are designed only for within project defect prediction and inter release prediction. It is very difficult to obtain good prediction accuracy for cross project defect prediction using single predictor (Zhang et al., 2016) . To alleviate these issues, we have investigated the use of extreme learning machine (ELM) and subsequently present a non-linear heterogeneous ensemble using ELM (NH ELM) for cross project defect prediction. Many conventional machine learning algorithms are based on gradient based learning algorithm and these algorithm such as back propagation learning algorithm takes more computational time to minimize the training error (Huang et al., 2006) . Use of only back propagation learning algorithm as base learner in ensemble takes relatively high computational time. Thus, we need an efficient and accurate learning algorithm such as extreme learning machine (Huang et al., 2006) to build a software defect prediction model for cross project defect prediction. The essence of using extreme learning machine to build an ensemble model is that (a) it provides better prediction accuracy, (b) it is an efficient learning algorithm, (c) it leverages singular value decomposition method to optimize the output weights and obtain the global minima easily, and (d) it improves the generalization performance of the network.
Following are the contributions of our work:
1. We have investigated the use of ELM and nonlinear heterogeneous ensemble using ELM for software defect prediction.
2. The presented NH ELM model has been deployed to predict number of faults on PROMISE and eclipse datasets for cross project defect prediction scenario. In this domain, only very few works are available for cross project defect prediction.
3. The use of ELM as well as ensemble based on ELM have not been explored for software defect prediction so far.
The rest of the paper is organized as follows. Section 2 presents the details of related works. Section 3 describes ensemble model for cross project defect prediction. Section 4 presents experimental setup required to validate the presented model. Experimental results and analysis is presented in section 5. Section 6 describes threats to validity followed by conclusion in section 7.
RELATED WORKS
In this section, we have discussed recent related works on software fault prediction.
Rathore et al. in their works (Rathore and Kumar, 2017b; Rathore and Kumar, 2017c) developed two ensemble models, linear and non-linear heterogeneous ensemble models, to predict the number of software faults. The experiments leveraged fifteen PROMISE datasets. The experiments were performed for intra release prediction as well as for inter release prediction scenario. The results found that both ensemble models provide consistently better prediction accuracy than other single prediction models for both prediction scenarios.
Zhang et al. (Zhang et al., 2016) used unsupervised classifier to predict software defects for cross project defect prediction. The study leveraged two types of unsupervised classifier, distance based classifier and connectivity based classifier, to evaluate the cross project defect prediction analysis. The study compared these two types of classifier over PROMISE and NASA datasets. The results found that connectivity based classifier performs better than distance based classifier.
Nam et al. (Nam et al., 2017) proposed a heterogeneous defect prediction model to predict software faults for cross project defect prediction. This work developed a defect prediction model to predict software defects using unmatched metrics. The study had used PROMISE datasets to validate the model. The experimental results found that the proposed model outperforms as compared to other models across all datasets.
He et al. (He et al., 2014 ) developed a hybrid framework for cross project defect prediction using imbalanced datasets of PROMISE data repository. The proposed model was compared with the traditional regular Cross Project Defect Prediction (CPDP) model over eleven PROMISE datasets. The results found that the presented framework effectively solved the imbalanced dataset problem and improved the prediction accuracy as compared to traditional regular CPDP model. Laradji et al. (Laradji et al., 2015) proposed a heterogeneous ensemble model for prediction of software faults using some selected software metrics. The work has used greedy forward selection method to select the software metrics. The experimental results suggested that only few features provide higher AUC performance measure and the use of greedy forward selection method in ensemble to select best features for prediction of software faults.
Huang et al. (Huang et al., 2006) proposed an effi-cient learning algorithm called extreme learning machine for both prediction and classification purposes. Authors had suggested that the use of ELM in ensemble can reduce over-fitting problem and improve the generalization performance of the network (Lan et al., 2009) . Sometimes, single extreme learning machine prediction model provides poor prediction accuracy due to the reason of random weight generation. However, improved version of extreme learning machine namely ensemble ELM, regularized ELM, evolutionary ELM, etc. have better accuracy for all datasets (Huang et al., 2015) . Motivated from this, we have presented a non-linear heterogeneous extreme learning machine ensemble (NH ELM) model for cross project defect prediction. In summary, it can be observed that all the above discussed works have used various learning models for prediction of number of faults. But, ELM has not been explored till now for the prediction of number of faults. In this paper, we have used ELM and ensemble based on ELM for prediction of number of software faults in cross project defect prediction scenario.
ENSEMBLE MODEL FOR CROSS PROJECT DEFECT PREDICTION
In this section, we have explained the basic concept of extreme learning machine and the non-linear heterogeneous ensemble model for cross project defect prediction.
Basic Concept of Extreme Learning Machine
Consider that an arbitrary training sample (x i , t i ) is given, where i = 1, · · · , N and N is the total number of training samples. For this training sample, the output function of an ELM with m hidden nodes in the hidden layer can be mathematically modeled by Eq.
(1)
Where,
Where, G is the hidden layer matrix with activation function g(x), β is the output weight matrix of an ELM network and is defined by Eq. (2).
is the Moore-Penrose generalized inverse of matrix G and T = [t 1 t 2 . . . t N ] T is the target matrix. Singular Value Decomposition (SVD) method (Golub and Reinsch, 1970) has been used to evaluate the Moore-Penrose generalized inverse for our experiment.
Heterogeneous Ensemble Model
An overview of the non-linear heterogeneous ensemble model used for cross project defect prediction is shown in Fig. 1 . We have leveraged extreme learning machine (ELM) and back propagation neural network (BPNN) as base learners for our ensemble model. Extreme learning machine has been used to predict the final output of the ensemble model. We have used stacking (Wolpert, 1992) based ensemble method to build the non-linear heterogeneous ensemble (NH ELM) model to predict the number of software faults. The NH ELM model is trained and tested on different datasets.
EXPERIMENTAL SETUP
This section describes experimental setup that is required to validate the ensemble model for cross project defect prediction.
Preprocessing of Datasets
We have leveraged twelve PROMISE (Menzies et al., 2015) and five eclipse (D'Ambros et al., 2010) datasets to validate the ensemble model. Table 1 explains the details of software fault datasets. All datasets have been preprocessed in two steps before training of the model. In the first step, we have balanced all imbalanced datasets through SMOTER algorithm (Torgo et al., 2013) . In the second step, all software fault datasets have been normalized through min − max normalization method (Patro and Sahu, 2015) with a range [0, 1].
Performance Measures
We have used four performance measures, prediction level at l (MacDonell, 1997), Average Relative Error (ARE) (Willmott and Matsuura, 2005) , (Willmott and Matsuura, 2005 ) and measure of completeness (Briand and Wüst, 2002) to evaluate the ensemble model and other comparative models.
Where, k is the total number of samples, Y i is the predicted number of defects and Y i is the actual number of defects. We have added a value 1 with the actual number of defects in the denominator of ARE, which provides well formed prediction accuracy .
MoC value = Predicted number o f de f ects Actual number o f de f ects (5)
Measure of Completeness analysis (MoC) value measures the completeness performance of software defect prediction model. Nearly 100% completeness value provides best model.
Pred (l) value computes, how many number of software samples that are under the threshold value of the AREs. For our experiment, we have chosen the threshold value is 0.3 (MacDonell, 1997).
Tools and Techniques Used
We have used R studio for experimentation. We have compared five other single prediction models with the ensemble model. These models include decision tree regression, linear regression, back propagation neural network, radial basis function neural network, and extreme learning machine. Based upon the study available in (Kanmani et al., 2007; Lursinsap, 2002) , we have selected 5 and 30 hidden neurons in the hidden layer of back propagation neural network and radial basis function neural network, respectively. We have also used sigmoid transfer function as activation function for back propagation neural network. For decision tree regression and linear regression, the experimental setup is same as explained by Rathore et al. (Rathore and Kumar, 2017a) . We have also conducted Friedman's non-parametric test (Higgins, 2003) to check the significance of the presented ensemble model and its comparative models.
EXPERIMENTAL RESULTS
This section presents experimental results of the presented ensemble model and its comparative models for cross project defect prediction.
Cross Project Defect Prediction for PROMISE and Eclipse Datasets
The measure of completeness analysis of the presented ensemble model and its comparative single prediction models for cross project defect prediction over PROMISE and eclipse datasets are shown in Fig.  2 and 3 respectively. Table 2 and 3 show the performance analysis of the presented model and its comparative single prediction models for cross project defect prediction analysis over PROMISE and eclipse datasets in terms of AAE, ARE, and Pred l values respectively. From the experimental results and analysis of Table 2 and 3, it is observed that the prediction accuracy of the ensemble model outperforms as compared to other single prediction models over all PROMISE and eclipse datasets. It is evident from Fig.  2 and 3, the measure of completeness value of the ensemble model is better than other single defect prediction models across most of the PROMISE and eclipse datasets for cross project defect prediction analysis. Observation : The model provides measure of completeness value along with the consideration of AAE and ARE performance analysis. For example, when the model provides 100% nearest measure of completeness value, the prediction error performance of the model should be minimized. Hence, we finalize measure of completeness analysis of the model by considering the AAE and ARE performance measures. Table 4 shows the Friedman's statistical test analysis for cross project defect Prediction over PROMISE and eclipse datasets. From statistical analysis of cross project defect prediction scenario, it is observed that all p−values are less than the given significant level (α−value). Thus, the ensemble model and its comparative single defect prediction models are significantly different for both datasets.
Statistical Test Analysis
From this experimental analysis, following research questions are answered as below:
RQ 1 : How does the heterogeneous ensemble (NH ELM) model perform for cross project defect prediction analysis?
From Table 2 and 3, it is observed that NH ELM model performs fairly well for cross project defect prediction scenario for all the dataset. From Table 2 , it can be seen that the highest and lowest value of AAE and ARE shown by the NH ELM are 0.0166 − 0.044 and 0.0157 − 0.04 respectively. From Table 3 , it can be seen that the highest and lowest value of AAE and ARE shown by the NH ELM are 0.0142 − 0.053 and 0.013 − 0.0474 respectively.
RQ 2 : Does NH ELM model improve the prediction accuracy than other single prediction models for cross project defect prediction analysis ?
Yes, NH ELM model shows improved prediction accuracy than other single prediction models for almost all datasets except one eclipse dataset for cross project defect prediction analysis. It is evident from the AAE, ARE, and Pred l analysis shown in Table  2 and 3 and the measure of completeness analysis shown in Fig. 2 and 3 . The results obtained from Friendmans test also confirms this observations. RQ 3 : Does the use of heterogeneous ensemble with ELM as base learner shows improved accuracy as compared to participating learning models especially with reference to ELM?
From table 2 and 3, it can be observed that ELM shows comparable or better performance as compared to the other best performing models such as LR, DTR, BPNN and RBF as reported in recent works of software fault prediction (Rathore and Kumar, 2017a; Kanmani et al., 2007; Khoshgoftaar and Gao, 2007; Lursinsap, 2002) in this domain. Further, from the experimental results in Table 2 Table 2 and 3 show that performance of NH ELM is much better than the other best performing single learning models. Similar results are expected in the other possible pairs also.
THREATS TO VALIDITY
In this section, we have presented some possible threats that may degrade the performance of the ensemble model for cross project defect prediction. Min-Max normalization method has been used to normalize all datasets. SMOTER method has been used to balance all imbalanced datasets. Other types of normalization technique such as Z-score method can be used for normalization of fault datasets and may affect the results. 
CONCLUSION
In this paper, we have investigated the use of extreme learning machine and heterogeneous ensemble using ELM for cross project defect prediction. To validate this ensemble model, we have leveraged twelve PROMISE and five eclipse datasets. We have preprocessed all software fault datasets to avoid over-fitting problem of the presented ensemble model and other models. From experimental results and analysis, it is observed that ELM shows comparable or better performance in cross project defect prediction as compared to other reputed best performing models such as LR, DTR, RBF, etc. Further, the nonlinear heterogeneous ensemble model provides better prediction accuracy as compared to the other single defect prediction models. It is also observed that the prediction accuracy of the ensemble is better than both of the participating learning models, i.e., BPNN and ELM.
The evidences from measure of completeness analysis also proved that the presented ensemble model shows improved completeness as compared to other single defect prediction models throughout most of the datasets. Thus, we can deploy extreme learning machine based ensemble model for prediction of software defects. In future, we will explore different variants of extreme learning machine to build software fault prediction model for better prediction accuracy.
